This paper proposes a heuristic function for multi-criteria route planning problems. The Analytical Hierarchy Process (AHP) is used for the multi-criteria aggregation process both for actual and heuristic cost functions. Travel distance, travel time, safety and fuel consumption are considered to be the selected criteria. Additionally, while considering real data sets, road safety and fuel consumption models are developed. The proposed multi-criteria heuristic function is consistent; therefore, the A* algorithm finds optimal routes. The proposed algorithm is tested and compared with existing algorithms in the literature using a real dataset for a specific region in Eskisehir, Turkey.
INTRODUCTION
Route guidance systems (RGSs) are increasingly being implemented in a wide range of vehicle navigation applications. RGSs provide pre-trip information about which route to choose, the departure time and whether to undertake the trip; additionally, en-route information can be provided about accidents, congestion, and adverse weather conditions [1] . The desired target point can be accessed by alternative ways using the shortest time, the safest way, the least fuel consumption, and other factors. For this purpose, as a component of RGSs, Route Planning Systems (RPSs) are used to calculate the least cost path between the start and target points.
The Classical RPSs usually calculate a route while considering only a single criterion, i.e., the travel distance or travel time. In the RPS literature, a shortest path algorithm is used to generate a route for various types of route planning applications. In [2] , the route planning module in OSU-ACT Autonomous Vehicle planned routes for defined missions considers the minimum time criterion. In [3] , an efficient hierarchical routing algorithm that finds the best routes using the minimum travel distance criterion is presented. This study proposes an improved heuristic that reduces the number of route computations and a network pruning technique that reduces the search space in the road network. In [4] , the dynamic shortest path problem is solved in a network by using time-varying travel times. In this study, the A* algorithm is adapted to compute the minimum travel time path. In [5] , an incremental search approach with novel heuristics based on a variation of the A* algorithm is proposed to calculate the shortest distance path between a moving object and its target in a dynamic network in which traffic conditions are updated in real time. In [6] , k-shortest path algorithm is applied in proposed time-expanded graph model for public transport network. Heuristic search strategies can be used to improve the computational speed of shortest path algorithms for a single criterion [7] . In [8] , shared nothing architecture is applied to decrease the computation time of finding minimum cost paths in large transportation networks. In this study, the shortest path algorithm is a variation of the A* algorithm. The concurrent version of the algorithm simultaneously explores the search space by utilizing dynamically created agents across multiple disk nodes, and the parallel version of the algorithm breaks the problem into a set of smaller sub problems by exploiting a set of intermediate nodes that the shortest path passes through.
In all of the above studies, route planning is performed by considering a single criterion. However, drivers consider more than one criterion while planning a route. Therefore, multi-criteria route planning has also received increased attention in the RPS literature. In [9] , a multi-criteria route planning strategy that considers road safety and travel time as user selected criteria is presented. In this study, the Analytical Hierarchical Process (AHP) and regular increasing monotone quantifier-guided ordered weighted averaging operators (OWA) are used to integrate the driver preferences (e.g., the relative importance and decision strategy) to form a cost for each edge of a network. In addition, the Dijkstra algorithm is used to calculate the optimal route. In [10] , in the context of the multi-criteria optimization problem, fuzzy set theory is applied to the dynamic routing problem. In this study, four criteria, namely, the travel time, traffic density, road type, and route length, are used to cover the drivers' preferences, and a symmetric decision model is applied to solve the multi-criteria optimization problem. In [11] , an RGS is proposed to help drivers in deciding an optimum route based on individual preferences. In this study, the Takagi-Sugeno-Kang inference system is used to calculate the cost of each edge according to driver preferences. Then, the Dijkstra algorithm is used to calculate the least cost path from the set origin to the destination. In [12] , an adaptable personalized route planning system is proposed. To aggregate the driver preferences and decision strategies, pairwise comparison methods and quantifier-guided OWA operators are used. This model also determines a personalized route with a robust deviation shortest route algorithm. In [13] , an ontology-based multi criteria decision model (AHP) is proposed to calculate personalized route based on user's preferences. In [14] , personalized, context-aware driving preferences from trajectories are obtained considering the criteria; travel distance, travel time, and fuel consumption. In [15] , Time-based Dynamic Weight for Dijkstra algorithm is proposed to compute the most efficient time and minimum fuel consumption based on real condition of the traffic profiles of the road network. In the above studies, heuristic costs are not considered during the route planning. Usually, traditional shortest path algorithms such as Dijkstra are used in these studies. It is well known that the use of heuristics increases the performance of route-planning algorithms [5] . However, to the best of the authors' knowledge, heuristic search strategies have not been used in this context yet.
In this study, a heuristic cost function is defined for multi-criteria route planning problems. Then, the A* search algorithm is used to calculate the optimal routes. The AHP is used to weight each criterion according to user preferences. Then, a linear combination is applied to the aggregation of the multicriteria with their weights to calculate the cost of each edge. In applications, travel time, travel distance, safety and fuel consumption criteria are considered for the traffic network. Additionally, a real data sets road safety model is also developed for each edge of the network. Furthermore, VehicleSpecific Power (VSP), a function of the vehicle speed, acceleration and road grade, is used in the fuel consumption calculation for each edge. The proposed approach is tested for a specific region in Eskişehir. The test results show that the proposed algorithm uses less memory and time compared with the counterpart algorithms in the literature.
The remainder of the paper is as follows. The concepts of multi-criteria route planning and the criteria used in this study are defined in Section 2. The proposed heuristic function and the integration of the A* algorithm are given in Section 3. To demonstrate the effectiveness of the proposed approach, tests are conducted, and the results are presented in Section 4. The conclusions are given in the final section.
MULTI-CRITERIA ROUTE PLANNING
Multi-criteria route planning calculates a route from a start point to a target point of a road network while considering more than one criterion. A road network can be represented as a directed graph ( , ) G V E that is composed of a node set V and an edge set E . The edge set E is a subset of the set V V  Cartesian product. Multi-criteria route planning offers drivers a variety of criteria for route planning. The criteria could be the shortest travel distance, the shortest travel time, the safest path, or the minimum fuel consumption, for example. Drivers can prefer different routes although they have the same start and target points. Driver preferences play a major role in the multi-criteria route planning process. According to driver preference information, the weight of each criterion can be determined by using the AHP. The AHP is one of the most developed multi-criteria decision-making methods [16] . The AHP establishes a hierarchical formulation and allows the integration of different types of criteria in the decision-making process.
Criteria Used in Cost Calculation
Drivers can choose road safety, travel time, travel distance, travel reliability, quality of road, width, slope, or number of scenic landscapes as criteria when travelling on a route. In this study, the travel distance ( ) v v . Road safety is another essential parameter that can be used in the cost calculation. The road safety depends on various parameters, such as road classification and weather conditions. The risk can be reduced through greater insight into the impact of road classification [17] . In this study, functional road class and form of way data are used to determine the safety of each road segment. Functional road class and form of way are given in Table 1 and Table 2 , respectively. These data are obtained from Tomtom navigation software. By using these data, a flowchart for the road safety model is proposed in Figure 1 .
Figure 1. Flowchart of the road safety model
In this flowchart, we first classify road segments according to the functional road class. Then, road segment classification is continued according to the form of way information. As a result, each road segment is classified into one of five classes; from class A to class E. Class A represents the safest road segment, whereas class E is the least safe segment. Road safety parameters change between 1 and 5 from class A to class E to identify the safety degree of each edge. As the number increases, the safety decreases. In the end, the safety cost of the edge ( , )
i j v v can be calculated by multiplying its square of safety degree and travel distance, as given in Eq. (2), 
The criteria given above are normalized and integrated to be comparable among each other. The maximum score method in [19] is used for this purpose. In this method, the normalization value is calculated by
where ' i x is the normalized value, i x is the raw value of a given criterion for the th i criterion, and max x is the maximum score of the criterion in the existing network. The results are obtained from the normalization range of 0 to 1.
Original and normalized values for each criterion for an edge v , v are shown in Table 3 . In this 
Cost Calculation of Each Edge
In multi-criteria route planning, criteria values are aggregated to calculate the cost of each edge of the traffic network. These criteria values are combined with some relative weights that represent driver preferences. These relative weights can be determined through the AHP. The AHP is one of the multicriteria decision-making methods that are widely used in the literature [12] .
The AHP procedure for relative weight calculation is explained through an example with four criteria that is used in this study. In the AHP, a scale of numbers is required to make a pairwise comparison. For this purpose, the linguistic terms equal, moderate, strong, very strong and extreme importance are enumerated using the numbers 1, 3, 5, 7 and 9, respectively. The pairwise comparison for the criteria is given in Table 4 . In this table, the diagonal elements are set to 1. The upper triangle part of this table is formed according to driver preferences. Each element of the lower triangle is set to the inverse of these pairwise comparisons automatically. As seen in Table 4 , a 'very strong' linguistic term is selected to judge the importance of the travel time over the safety, which is enumerated with 7. Then, the importance of the safety over the travel time is set to 1/7 automatically. The driver preferences in Table 4 are transformed into the relative weights as follows: 
Construct a matrix A from Table 4 as 1.00 3.00 0.20 0.14 0.33 1.00 0.14 0.11 5.00 7.00 1.00 0.33 7.00 9.00 3.00 1.00 In the AHP procedure, pairwise comparisons of the criteria are accomplished. If there are more than two criteria, there could be inconsistency. For example, the travel distance might be judged as important as the travel time and the travel time as important as the safety, but the travel distance is not ranked to be as important as the safety. Then, inconsistency occurs in the pairwise comparison. To assure the consistency of the pairwise comparison, the consistency ratio (C.R.)
is used. For consistency, the value of C.R. should be less than 0.1. In Eq. (8), λ is the largest eigenvalue of the pairwise comparison matrixA, n is the number of criteria to be compared, and R.I. is the random consistency index. The R.I. is a constant value for the criteria that are defined in the literature. The values of R.I. depend on n and are given in Table 5 . In our example, the consistency ratio is calculated as 0.0997, which is less than 0.1 and is acceptable. After obtaining the relative weight for each criterion, a linear combination is applied to the aggregation of the multi-criteria with their weights. Thus, different types of criteria are provided together, and a single cost function is achieved. According to the above equations, an edge cost ij C on edge ( , ), The last step is to apply a least-cost path algorithm on the network created above.
Route Planning Algorithms
The least-cost path algorithm can be used to calculate the multi-criteria route after calculating the aggregated cost of each edge. The Dijkstra algorithm is the most widely used algorithm in route planning [20] . Typically, this algorithm finds the least cost path from an initial node to all of the other nodes in the graph. If the algorithm is terminated when the target node is found, it finds the optimum path between an initial node and a destination node. This approach was developed for weighted graphs; the weight of the each edge must be equal to zero or greater than zero. However, when using a priority queue data structure, the complexity of the algorithm can be reduced to m nl (
, where m represents the number of edges in the graph.
In [9] , the Dijkstra algorithm is used to calculate the multi-criteria route. Because the Dijkstra algorithm is designed to calculate the least cost path from a single source node to all of the other nodes in the network, it could expand a larger number of nodes for a single destination node. In the literature, more effective algorithms for single criterion and single origin/destination pair shortest path problems are proposed [21] . These algorithms use heuristic functions to obtain a better performance. To the best of the authors' knowledge, these algorithms are not used for multi-criteria single source/destination path planning problems. In the following section, a heuristic search algorithm is proposed to solve the multi-criteria route planning problem.
PROPOSED METHOD
Multi-criteria route planning approaches result in more realistic routes for drivers. The reason is that the relative importance of each criterion is determined by the driver preferences. Then, criteria values are aggregated to form a single cost function. These aggregated cost values are used to calculate the route from a source to a destination. In the literature, the Dijkstra algorithm is widely used to find the least cost path for this route planning. For single source/destination route planning problems, the A* algorithm is more effective than the Dijkstra algorithm [5] . The reason is that the Dijkstra algorithm finds the minimum costs from the source node to all of the other nodes, whereas the A* algorithm finds the minimum cost from the source node to the destination node. To achieve this goal, the A* algorithm uses a heuristic function to search for the most promising nodes first for the given destination node. The heuristic function is an estimate of the cost of the cheapest path from the current node to the goal node.
Theorem 1: A heuristic ( ) h n is said to be consistent if, for each node n and every successor ' n of n generated by an action, the estimated cost of reaching the goal from n is no greater than the step cost of reaching ' n plus the estimated cost of reaching the goal from
where ' ( , ) c n n is the actual cost of reaching ' n from n . Proof: Let * ( ) h n be the cost of the least cost path from n to the goal node. It will be proven by induction on the number of steps to the goal that * ( ) ( ) h n h n  . Base case: If there are 0 steps to the goal from node n , then n is the goal and, therefore,
Induction step: If n is i steps away from the goal, then there must be some successor
n is on the optimal path from n to the goal, and ' n is 1 i  steps away from the goal. Therefore, ' ' ( ) ( , ) ( ) h n c n n h n   However, by the induction hypothesis,
n is on the optimal path from n to the goal Theorem 2: Every consistent heuristic is also admissible. Proof: Let ( ) h n be any consistent heuristic, and let ' ( , ) c n n be the corresponding step cost of moving from node n to node ' n . Then, ' ' ( ) ( , ) ( ) h n c n n h n   by the definition of consistency. To show that h is admissible, we must show that
h is the actual cost of n . Suppose that there is no path from n to the goal state. In this case, * ( ) h n is infinite and satisfies
Next, suppose that there is some path from n to a goal state g. Let us represent the intermediate nodes of a shortest path with the variables 1 2 l v ,v , ,v  . Thus, the least cost path from n to g is expressed as
Similarly,
for any k between 1 and l-1. However, because 1 2 l (n,v , v , , v , ) g  is a least cost path,
If a consistent heuristic can be defined in multi-criteria route planning, better results would be obtained by using the A* algorithm. However, to the best of the authors' knowledge, heuristic functions are not used for multi-criteria route planning yet.
Heuristic Cost Calculation for Multi-criteria Route Planning
The inputs of the A* algorithm are the source and destination nodes, the relative importance matrix and the network of the environment model. The A* algorithm maintains two sets, the open list and the closed list. The open list keeps track of those nodes that must be examined, while the closed list keeps track of nodes that have already been examined. Initially, the open list contains only the initial node, and the closed list is empty. A* has a main loop that repeatedly gets the node that has the lowest ( ) f n value from the open list. If n is the goal node, then we are done, and all that is left to do is to return the solution by backtracking from node n. Otherwise, we remove node n from the open list and add it to the closed list. Next, we generate all of the possible successor nodes of node n . For each successor node of noden, if it is already in the closed list, then we can discard the node. Similarly, if it is already in the open list and there has been an equal or lower f estimate, then we can discard this node. Otherwise, it is added to an open list with its updated f value. Since the A* algorithm guarantees finding a path if one exists, it is complete. Its optimality is also proven by Corollary 2. The complexity of A* depends on the multi-criteria heuristic function. In the worst case, it is the same as the Dijkstra algorithm.
ILLUSTRATIVE EXAMPLE
The proposed multi-criteria route planning algorithm is tested and compared with the Dijkstra algorithm for a specific region in the city of Eskişehir. Figure 2 shows a picture of the selected region, which has different functional road classes (main roads, local roads) and road forms (dual carriageway, major roads, intersections, and poor condition roads). This situation leads to the formation of edges that have varying safety degrees and travel time. The selected region also has road segments with different grades that result from different fuel consumption at the same travel velocity.
Figure 2. Representation of the test environment
The corresponding network of the environment is given in Figure 3 . This picture is obtained from Tomtom navigation software. In this study, intersections and streets are represented by nodes and edges, respectively. The network of the test region has 1165 nodes and 2895 edges. For each edge, the values of the speed limit, average speed, functional road class and road form are available. The Tomtom database stores each node with its latitude and longitude information. The information on each node is transferred to a local x, y coordinate system. In addition, the altitude information on each node is obtained through a web service using latitude and longitude information. Each node ( , , )
v x y h is represented within the x, y, z coordinate system. Five of these nodes are selected for the test and comparison of the algorithms. They are shown in Figure 3 with dark circles. The effects of driver preferences in calculating optimal routes were studied in Bozkurt et. al. (2012) , using the Dijkstra algorithm. In this study, it is assumed that the driver selects an "equal" importance for the travel time, distance, safety, and fuel consumption criteria; therefore, the relative weights are calculated by 1 2 3 0.25, 0.25, 0.25 u u u    and u 0.25, respectively. Then, using these driver preferences, the five nodes are used for the comparison of the A* search for multi-criteria route planning and the Dijkstra algorithm. For each test node, the routes to all of the other remaining nodes in the network are calculated using both algorithms. The algorithms are compared in terms of the number of nodes added to a closed list and the calculation time. The results are shown in Table 6 and  Table 7 .
In Table 6 , for each starting test node, the maximum value, the average value and the variance of the number of nodes that are added to the closed list are given for both the Dijkstra and A* algorithms. As shown in Table 6 , a smaller number of nodes are added to the closed list by the A* algorithm with the proposed multi-criteria heuristic. The last column of Table 6 shows the percentage improvement in the average values with the proposed multi-criteria heuristic. Table 7 is formed similar to Table 6 except that each cell of the table contains time values that are taken by the algorithms to be in milliseconds. As seen in the last column of this table, the A* algorithm performs better than the Dijkstra algorithm.
Both methods produce the same optimal routes for the same start and goal nodes. But the A* algorithm with the proposed heuristic function adds less number of nodes in the closed list (i.e. use less memory) during the optimal route calculation. Thus, the proposed A* algorithm for multi-criteria route planning has used less memory and time. According to the test results, the proposed multicriteria heuristic function improves the search efficiency. 
CONCLUSION
In this study, a multi-criteria route planning algorithm is proposed. The travel distance, travel time, safety, and fuel consumption are considered to be the selected criteria, and models for safety and fuel consumption are proposed. The AHP is used for a multi-criteria aggregation process for both the actual and heuristic cost calculations. To the best of authors' knowledge, only actual costs are used for calculating the optimal routes in the multi-criteria route planning. In this study, a heuristic function is proposed to improve the search efficiency. The proposed heuristic function is consistent; therefore, the A* algorithm finds optimal routes. The test results show that the proposed algorithm adds less number of nodes in the closed list. So, it uses less memory and time compared with the most often used counterpart algorithms.
In future work, the proposed method can be developed by improving the proposed multi-criteria heuristic function. This would reduce the number of nodes that examined during the route planning process.
